In this paper we present an agent-based model of a human population, designed to illustrate the potential synergies between demography and agent-based social simulation. In the modelling process, we take advantage of the perspectives of both disciplines: demography being more focused on matching statistical models to empirical data, and social simulation on explanations of social mechanisms underlying the observed phenomena. This work is based on earlier attempts to introduce agent-based modelling to demography, but extends them into a multi-level and multi-state framework. We illustrate our approach with a proof-of-concept model of partnership formation and changing health status over the life course. In addition to the agent-based component, the model includes empirical elements based on demographic data for the United Kingdom. As such, the model allows analysis of the demographic dynamics at a variety of levels, from the individual, through the household, to the whole population. We bolster this analysis further by using statistical emulation techniques, which allow for in-depth investigation of the interaction of model parameters and of the resulting output uncertainty. We argue that the approachalthough not fully predictive per se-has four important advantages. First, the model is capable of studying the linked lives of simulated individuals in a variety of scenarios. Second, the simulations can be readily embedded in the relevant social or physical spaces. Third, the approach allows for overcoming some data-related limitations, augmenting the available statistical information with assumptions on behavioural rules. Fourth, statistical emulators enable exploration of the parameter space of the underlying agent-based models.
The main aim of this paper is to bring together methodological perspectives from two scientific disciplines: demography and social simulation, and to illustrate it using a proof-of-concept model of partnership formation, population change and health. For demography, the current state of the art is multi-level multi-state modelling (Courgeau 2007) , while in social simulation these are various forms of agent-based models (Gilbert and Troitzsch 2005) . Existing work on agent-based computational demography, which has been pioneered by Billari and Prskawetz (2003) , focused largely on partnership and family formation (Todd, Billari and Simão 2005; Billari 2006; Billari et al. 2006 Billari et al. , 2007 Hills and Todd 2008; Aparicio-Diaz et al. 2011 ), but also provided examples of applications to other areas, such as migration (Heiland 2003; Kniveton, Smith and Wood, 2011; Willekens 2012) , residential mobility (Benenson, Omer and Hatna 2003) and household dynamics (Geard et al. 2013) . However, what has been missing so far is a higher-level synthesis, which would bring together various components of population change within a broader agentbased, multi-level and multi-state framework. This paper aims to contribute to filling this gap, by trying to reconcile the approaches of both disciplines -statistical demography and social simulation.
1.2 Our initial motivation in carrying out this work has been our involvement in the Care Life Cycle project (CLC, http://www.southampton.ac.uk/clc). The CLC is a five-year research programme at the University of Southampton that commenced in October 2010. The project looks at the extent to which we can predict supply and demand for health and social care in the United Kingdom's ageing society, and explain mechanisms of the underlying dynamics. The research team spans a wide range of disciplines, including agent-based modelling, demography, gerontology, operations research, and social statistics, and includes a variety of points of view: from micro-level to macro-level, and from empirical to theoretical. In this paper, we attempt to bring some of these perspectives closer together.
1.3
The paper is structured as follows: in the next section, we begin by discussing agent-based modelling in the context of its demographic applications. We illustrate the discussion by presenting a two-dimensional extension of the 'Wedding Ring' model of partnership formation (Billari et al., 2007) . Subsequently, the model architecture is explained in more detail, including further description of the agents, and a discussion of how the model incorporates demographic data and methods. We then offer insights into selected results from various model runs, including plausible scenarios of population development and a sensitivity analysis of selected parameters obtained by using statistical emulators. Finally, we present conclusions and implications for demography and social simulation, alongside suggestions for further extensions and methodological development of the presented framework.
In order to present all the relevant technical details, and potentially enable replications of our work, the model has been uploaded to the OpenABM archive and is available at http://www.openabm.org/model/3549.
Agent-based demography revisited
Is there a need for agent-based demography?
2.1 As argued elsewhere (Silverman et al. 2011 ), modern demography is facing three important challenges in an increasingly complex world. Firstly, in order to describe population phenomena correctly, and to address policy challenges appropriately, the analysis has to operate across a range of levels: from individuals, through households and different geographies, to whole societies (Courgeau 2007) . Attempts to address this issue have recently been made by linking multilevel statistical analysis with the event history and micro-simulation approaches (Willekens 2005; Courgeau 2007; Zinn et al. 2009 ).
2.2
However, having a correct grasp on the issue of aggregation does not guarantee better accuracy of prediction, which is typically the main aim of demographic modelling endeavours. Conversely, the increase in the dimensionality of the problem at hand, as well as of the related ever-expanding data requirements, may boost the predictive uncertainty rather than reduce it. Moreover, for many multidimensional questions, adequate data on all possible transitions between various demographic states are simply unavailable. The second challenge is thus: how do we link statistical data with other useful pieces of information in order to produce meaningful statements about plausible future trajectories of demographic processes?
2.3 Finally, the third challenge, linked with the previous two, is to resolve the question of how complex demographic models should be, and to what extent they should be built exclusively on the foundation of empirical data derived from cross-sectional and longitudinal surveys. Ideally, these models should be able to capture the most important features of population processes (such as that the life histories of people sharing a common family or household are intimately linked), whilst interfacing with all of the available information constraining the model's form -statistical, qualitative, or otherwise.
2.4
In terms of their potential in addressing these challenges, agent-based models (ABMs) differ quite substantially from statistical approaches, as they can address phenomena for which there is no explicit analytical representation. Such models can therefore provide explanatory power in the case of non-linear phenomena or complex interactions, such as social behaviour, and can include difficult-to-formalise elements, such as being embedded in a social context, networks of relationships, and related spatial considerations. Statistical demography may struggle with these elements of the social realm, as even individual-based approaches such as micro-simulation rarely allow for such complexities.
2.5
As regular readers of this journal will no doubt be aware, ABMs have become increasingly popular in the social sciences as the methodology has become more established. Following the early success of Schelling's (1978) residential segregation model, Axelrod's (1984) The Evolution of Cooperation, and later Cederman's (1997) applications in political science, the use of similar models to examine the development and evolution of human society has become increasingly popular. The potential for ABMs to offer explanatory power while reducing the need for expensive and time-consuming primary data collection is understandably appealing to many social scientists.
2.6
In this context, one of the possibilities of social scientific exploration is to treat models as valid tools of theory generation through an approach aptly labelled as 'model-based science', whereby the world is represented and understood indirectly, via the use of simplifying models (Godfrey-Smith 2006) . Further, as the new field of social simulation has grown, new uses for ABMs in social science, beyond explanation and prediction, have also been outlined (Epstein 2008) . The flexibility of the approach offers a way of developing greater understanding of how micro-level interactions produce macro-level effects -and some recent work in demography has turned to ABMs as a way to push population research forward in this respect. A strong case for model-based studies of populations has been made by Burch (2003a, b) , with reference to an earlier statement to that effect by one of the most prominent demographers of the 20 th century, Nathan Keyfitz (1971) .
Towards agent-based computational demography 2.7 Previous work in social simulation has identified two main approaches to the use of agent-based models in social science: systems sociology and social simulation sensu stricto (Silverman and Bryden 2007) . Systems sociology focuses on models with few predefined interactions or structures within associated models, instead focusing on the emergence of recognisable social structures or institutions from low-level interactions (e.g., Schelling 1978; Cederman 1997) . In contrast, social simulation models are generally described as displaying greater specificity than systems sociology models, often focusing on a particular class of behaviour at the individual level and using these to understand macro-level patterns. Such models frequently have some relevant link to empirical data (e.g., the reconstruction of the dynamics of the Anasazi population in pre-Columbian America, by Axtell et al. 2002) . Models in the social simulation vein are more likely to be of interest in demography, given their closer link to empirical data.
2.8
The volume edited by Francesco Billari and Alexia Prskawetz (2003) is perhaps the most notable example in the recent demographic literature arguing for the incorporation of agent-based modelling techniques into population research, through an approach the authors refer to as 'agent-based computational demography' (ABCD). Agent-based modelling is viewed therein as a paradigm in which "the simulation is used first of all to develop and explore theories rather than to evaluate empirically the consequences of given rates/probabilities" (Billari and Prskawetz 2003: 11) .
2.9
Historically, demography as a discipline has been generally more concerned with prediction, whereas agent-based modellers often use these techniques for quite varied purposes (Epstein 2008) . Unlike traditional population studies, which are solidly rooted in data-based 'logical empiricism' (Burch 2003b) , agent-based models are often used to attempt explanation rather than prediction; in particular, examining the link between micro-level behaviours and macro-level population dynamics. Obviously, these boundaries are somewhat permeable: demographers utilise micro-simulation models, which feed assumptions on mechanisms into the general framework of population dynamics (Gilbert and Troitzsch 2005) . Agent-based modellers, on the other hand, increasingly use empirical data to inform their assumptions (see Silverman and Bullock 2004 , for discussion, or Grim et al. 2012 , and Geard et al. 2013 , for some of the latest examples).
2.10 In recent years multi-level micro-simulation models, based on event history analysis, have become increasingly popular in demography, despite problems with their rapidly expanding data requirements due to the 'combinatorial explosion' of the parameter space (Silverman et al. 2011) . Nevertheless, these modelling platforms still largely fail to capture the feedback effects of macro-level entities on the micro-level behaviour of the simulated agents (with notable exceptions, such as the SOCSIM model developed at the University of California at Berkeley, available from http://lab.demog.berkeley.edu/socsim). Most of such models also do not capture social interactions, formation of social networks, or other elements that may contribute to the social processes underlying demographic change -here, agent-based models are more suitable (Gilbert and Troitzsch 2005) .
2.11 Thus, agent-based models continue to provide a potential platform for demographers, in which the dynamic relationship between the micro-and macro-levels of a simulated population can be more fully represented. Similarly, demographers can contribute expertise in using empirical information to verify the findings of ABMs and align them with the 'real world' wherever possible (for examples, see Todd et al. 2005; Billari et al. 2007; Hills and Todd 2008; Aparicio-Diaz et al. 2011) . Given that agent-based models rely on micro-level mechanisms that drive macro-level behaviour, finding means to validate those micro-level assumptions is of some importance; aligning the models more closely with empirical data can be of great benefit in that respect.
In that spirit, agent-based computational demography that links these two methodologies can benefit from the advantages of both approaches.
The statistical and simulated individuals 2.12 Statistical and agent-based models describe slightly different types of 'individuals', who are supposed to reflect the properties of actual people -members of the population under study. Thus, models in statistical demography rely on observations (censuses, surveys, registration) in an attempt to describe and predict the behaviour of statistical individuals (Courgeau 2012) . In contrast, ABMs deal with simulated individuals -agents -equipped with some rules governing their behaviour, which can hopefully provide plausible explanations of patterns observed at the population level. The latter can be seen as a behavioural extension of the notion of virtual or synthetic individuals suggested by Willekens (2005) in the context of micro-simulation models. As stated before, links between the two approaches are already in existence: some multi-state demographic micro-simulation models use assumptions based on simple behavioural rules (including those governing transition probabilities between states), and agentbased models may utilise empirical information for building assumptions about various parameters of interest.
2.13 Given the already-existing synergies, we argue that by partnering well-established demographic methods with agent-based frameworks, we can produce models which increase our understanding of population change -while ensuring that we base the models on demographic data when suitable. In this context, our contention is that ABMs augmented with statistical knowledge can alleviate the growing hunger for data associated with traditional demographic models. Given that agent-based models rely upon particular parameter settings to generate appropriate results from low-level interactions, altering those parameters allows the modeller to easily generate variations (scenarios) within that parameter space and investigate the impact of those changes on agent behaviour. Furthermore, the modeller as well as the model user can see the impact of these variations on macro-level events, which can help answer some policy-relevant 'what-if' research questions, possibly in an interactive way. A conceptual summary of the methodological focus of both traditions, together with some possible cross-influence and scope for synergies, is offered in Fig. 1 .
2.14 As shown in this framework, agent-based models augmented with statistical information allow demographers to investigate scenarios of demographic change over longer time horizons, as opposed to being limited by heavily data-dependent methodologies. Given that a reasonable predictive horizon in demography is thought to be about one generation (e.g., Keyfitz 1981) , scenario generation offers an opportunity to explore some of the possible futures further ahead (see e.g., Nico Keilman's contribution to Willekens 1990; Wright and Goodwin 2009; Bijak 2010 ). Deriving such scenarios from a coherent methodological framework, whereby events at various levels (from micro to macro, with possible feedback effects) are linked with each other, offers demographers a chance to study complex patterns and behaviours in populations which are artificial, yet equipped with some real-world characteristics. 2.15 Our inspiration for this work draws on the words of the prominent British demographer John Hajnal, who argued for building models which "involve less computation and more cognition than has generally been applied" (Hajnal 1955: 321) . Here, we interpret 'computation' as referring to statistical, data-based inference, and 'cognition' as theory-building. The strength of demographic approaches lies in their predictive capacity and the richness and complexity inherent in the age and other structures of populations, while agent-based models provide strength in theoretical investigation and explanation. When combined within agent-based demography, these two approaches offer a compelling new direction for demographic modelling. We argue then for a shift in focus in the demographic community: from predictions based firmly upon the empirical grounding offered by survey data, to a combined approach incorporating elements of theoretical exploration and scenario generation. In successive sections of this paper we attempt to follow the logic presented above, first by discussing the architecture of a proposed agent-based demographic model, and then by presenting stylised examples of policy-relevant applications of the derived population scenarios.
Extending Computational Demography: Example of the Wedding Ring Model
Wedding Ring: The Basics 3.1 In order to demonstrate the utility of a combined statistical-demography-cum-social-simulation approach, we built a proof-ofconcept agent-based model which additionally incorporates more traditional statistical demographic methods. We replicated and expanded upon the Wedding Ring, a model of partnership formation designed by Billari et al. (2007) . We have selected this model because given our involvement in the CLC project our ultimate aim is to model demographic processes associated with social care in the context of the ageing population of the United Kingdom (UK). Most social care in the UK is informal and is delivered by family members (Vlachantoni et al. 2011 ) and thus partnership formation and the family structures that result from it are going to be a key part of our overall modelling efforts.
3.2
The Wedding Ring model seeks to explain the process of partnership formation as a consequence of social pressure, which arises from contact between partnered-and non-partnered agents within a social network. Billari et al. take as inspiration Hernes's (1972) initial investigations into the influence of married peer groups on marriage decisions. Subsequent modelling studies indicate that the Hernes model appears to account for observed patterns of marriage (Diekmann 1989) , and empirical studies suggest that the opinions of peers influence marriage timing (Yabiku 2006) . Further research in social influence and social learning indicates that peer influence or pressure can have a strong impact on fertility decisions as well (e.g., Bernardi 2003; Bernardi et al. 2007; Bühler and Fratczak 2007) .
3.3
The agents in the Wedding Ring live in a one-dimensional ring-like space. They are effectively embedded in a cylindrical space, however, when we consider the dimension of age (Billari et al. 2007) . Each agent has a network of 'relevant others' which consists of agents situated both within their neighbourhood in physical space, and within their broad age category in 'age space'. Social pressure varies with the proportion of married agents found within that neighbourhood, and this pressure then influences that agent's marriage decisions (Billari et al. 2007 ). The level of social pressure, mediated by a piecewise-linear 'age influence' function, determines how far an agent is willing to look to find an available partner. Thus, agents under greater social pressure will widen their search area. The social pressure function within the model is defined as a sigmoid function, the shape of which is governed by two parameters, α and β.
3.4
In essence, marriage in the Wedding Ring is represented as a diffusion process, although even those experiencing a high level of social pressure may still remain unmarried if they are unable to find a suitable partner, which marks a distinct difference from other diffusion processes (Billari et al. 2007 ). Searches for partnerships are thus mutual: marriage only occurs when both the agent and the suitable partner are within the acceptable age range. Once an agent is able to find a spouse, they can bear children, and those children are added to the population of the Wedding Ring.
3.5
Each agent is classified initially into one of five possible varieties, which determine the age ranges of agents that most influence their behaviour; agents may be influenced similarly by older and younger agents, mostly or only by older agents, or mostly or only by younger agents. The spatial interval around the agents in which relevant others can be found varies according to the size of the initial Ring population, and is symmetric around the agent's spatial location.
Extension of the model: From Wedding Ring to Wedding Doughnut 3.6
In the current application we suggest several extensions to the original Wedding Ring of Billari et al. (2007) . This is in keeping with our long-term goal of producing a model of how changing family structures in the UK population may influence the provision of social care. First of all, situating the agents in a one-dimensional ring-shaped world can have unintended effects due to the restrictions on agents' spatial location and their ability to form reasonable networks of relevant others. In order to address this issue, our extension of the model moves therefore from a Wedding Ring to a Wedding Doughnut: the agents are embedded in a two-dimensional space in which the vertical and horizontal edges wrap, meaning that the overall space is toroidal.
3.7
In the current implementation, the whole world is 72 grid squares in length along each edge, and is populated by an initial population of 1,600 agents; test runs indicated that this produced a population density sufficient to yield interesting dynamics, whilst also allowing for reasonable running times. Certain aspects of the simulation had to be changed significantly from the Wedding Ring model once the toroidal surface was implemented. The original model had agents' spatial location recorded as their angular displacement along the ring; this meant that methods used for calculating spatial separation had to be amended. Similarly, default parameter settings for these methods were changed as the original settings were tuned for the one-dimensional case rather than a more diffuse population spread across a torus.
3.8 Secondly, accepting that micro-level interactions drive macro-level population dynamics means that ideally the relevant processes should be represented in the model. Hence, in order to make a stronger case for the utility of agent-based models in exploring the nature of contemporary population processes, we elected to make some significant changes to the formulation of Wedding Doughnut demographics. Mortality is thus no longer restricted to 100-year-old agents, as was the case in the original Wedding Ring; any agent can die at any time, subject to observed and forecasted death rates based on empirical data from the Human Mortality Database (2011). Also fertility patterns follow the empirical and forecasted birth rates for England and Wales obtained from the Office of National Statistics (ONS 1998) for the period 1951-1972, and from Eurostat (2011) thereafter. For future years, the rates were predicted using a variant of a standard bi-linear demographic model by Lee and Carter (1992) . The initial population structure by age, sex, and marital status follows that of the 1951 population census for England and Wales, obtained from the Office for National Statistics (ONS).
3.9
The Wedding Doughnut also considers a broader definition of partnership that was present in the original Wedding Ring modelone that is not restricted to legal marriage. In this formulation the agents can be forming any cohabiting partnerships, as births often occur outside the bounds of a marital relationship. In addition, however, some 15.9% of births in the UK in 2011 were to single parents or parents living in separate addresses (ONS 2011); this fact is not currently addressed in this model and is an area for future refinement.
3.10 Given the current focus on the problems facing ageing populations, especially in developed countries, and particularly with respect to ever-increasing social care need, we also included a very simplistic model of health status in the Wedding Doughnut. This simple model allows us to demonstrate the potential utility of a scenario-based approach to policy-relevant problems. Thus, agents have a probability of transitioning into a state of 'ill health' which increases with age. We assume that once agents transition into the state of ill health -limiting long-term illness -they remain therein until they die. The annual transition probabilities for agents aged x years are arbitrarily assumed as:
The additional parameters for males and females define a differential scaling of the age of the agents in order to allow for variation in care-need probabilities between the sexes.
Agent behaviour, record-keeping and simulation flow 3.11 The Wedding Doughnut model uses the same agent properties as applied in the Wedding Ring model, which has been discussed above. Additions were made in order to facilitate the placement of agents on the torus and their movement around that space. The agents' spatial locations are recorded as a set of (x,y) coordinates which places each of them on the 72-by-72 grid. Agents may change location if they form a partnership. Once a partnership is formed, the agents entering into this partnership will move together to a new location that lies between their initial positions. The distances between the original and the new locations are inversely proportional to the number of 'relevant others' in each agent's network-in this way, we aim at capturing the 'gravity' effect of their social ties. If the partnership produces children, these children will be placed at a grid location next to the partner agents, and that location is recorded in the agents' records.
3.12 For simplicity, we assume here that partnerships, once formed, cannot be dissolved, and that children can be born only within partnerships (and thus households). Within the model, the agents cannot form partnerships until they reach the age of 16. When an agent enters into a partnership, they establish a new, separately-located household with their partner, who then also 'leaves the parental home'.
3.13 The simulation outputs records of every birth, death, and partnership event in every time-step. These are supplemented with detailed records for members of the population; every agent is assigned a unique ID number at birth, and the simulation records their birth year, year of partnership formation (if they form one), the ID numbers of the partner and children, spatial location, health status, and year of death. These records can be cross-referenced with yearly records of the entire simulation to obtain a complete picture of any agent's life-course.
3.14 The Wedding Doughnut has been implemented in Repast Simphony v. 2.0, which is a Java-based environment for agent-based and simulation modelling. In this implementation, the simulation proceeds in a series of time-steps, each of which is equivalent to one year. Each run continues for 300 time-steps (double the 150 years in the original Wedding Ring model). This length of run allows us to examine longer-term population dynamics, whilst remaining reasonable from the point of view of computing time, even on a simple desktop machine (ca. 2-3 minutes per run on a 2.8 GHz Intel i7 quad-core processor). The first time-step corresponds to the calendar year 1951, and hence the simulation nominally extends to 2250, of which the first 60 years are of particular interest due to the availability of data for this period.
3.15 During each time-step, a series of procedures are performed as the simulation updates:
1. All agents are aged one year; 2. For agents outside of partnerships: For each agent, relevant others are identified; Social pressure derived from relevant others is calculated; Possible partners are selected, and If a suitable partner is found, a partnership forms.
For agents in partnerships:
Fertility status is checked -some agents will give birth to their children.
For all agents:
Health status is checked -agents may transition into a state of ill health; Mortality status is checked -some agents will die according to relevant age-specific probabilities. 5. Deceased agents are removed from the population, and newborn children are added.
3.16 In the course of these procedures, statistics are continually recorded in an overall summary file for the entire population, which records the numbers of yearly birth, death and partnership events in detailed agent logs for both the male and female populations, and in a hazard-rate file. The latter continually calculates the hazard rate of partnership across the population and outputs results every simulated decade with an overall output produced at the end of the simulation.
3.17 Space concerns preclude a complete description of every aspect of the model, but readers interested in replicating our work are directed to the model's OpenABM page mentioned in the Introduction.
Selected Results
The basic scenario of population dynamics 4.1 Starting from the 1951 structure by sex, age and marital status, we have propagated the demographic dynamics forward, obtaining the expected picture of an ageing population. Results presented in this section relate to the base scenario of health transitions, and have been obtained from an average of 250 runs of the simulation, in order to smooth out the randomness in the underlying patterns. The presentation is by necessity very selective, since the number of outcomes obtained from simulations is very high. In this section we present some of the results for the simulation year 2011, which we were able to compare with the most recent data provided by the UK Office for National Statistics. Figure 2 illustrates the overall population structure in the simulation, as well as in the ONS statistics for mid-2010. As expected, there are some structural differences due to not including migration in the simulation, but nevertheless the overall process of population dynamics matches the UK population data quite closely, which is not surprising given that it is based on empirical birth and death rates. In terms of the sensitivity analysis, we have followed Billari et al. (2007) in our reimplementation. Figure 3 illustrates four examples of hazard functions for partnership formation obtained under different assumptions concerning the partner search process. These hazard functions were obtained for the whole simulation period, accumulating information for successive cohorts of agents until the simulation year 2250, and averaged for ten simulation runs. The solid line shows the hazard function resulting from our default settings of α = 1.3, β = 2.0, radius for choice of relevant others d = 25 grid units, and initial population of 1,600 agents. The dashed and dotted ones replicate some alternative scenarios from Billari et al. (2007: 72) ; with constant social pressure, set at a value of 0.2, constant age influence functions, set at 0.9, and with a small spatial distance of 10 units for choice of relevant others (Billari et al. 2007: 72) . As compared to the original results, and to the empirical rates for one particular birth cohort (1958), the partnership formation of agents in this model is more concentrated in younger ages, in the Base settings being largely limited to the age group of 20-29-year-olds. This result suggests high sensitivity to parameterisation of the model, which is discussed in more detail below. (2000) 4.3 The outcome presented above reinforces the view that the space in which the agents operate can influence the demographic patterns observed at the macro level. This notion is further examined in the following two subsections. First, the impact of space, this time on potential provision of care for ill agents, is discussed within a scenario framework. Subsequently, we examine the impact of distance of partner search on two outcomes -the share of ill agents with no healthy partner or children and the share of ever-partnered agents -by using a probabilistic sensitivity analysis, with the aim to locate the base parameter settings in a wider parameter space of our reimplementation of the model. The results offered in this subsection illustrate the concept of 'linked lives', i.e., the benefits of working with simulated individuals that have meaningful connections to other specific individuals (see Noble et al. 2012 for discussion). With a few notable exceptions (e.g. Lelièvre et al. 1998) , statistical demographic models usually do not capture the linked lives, as the focus is chiefly either on the analysis of population-level statistics, or on individual life-course trajectories. However, in this case the ABM foundations of the Wedding Doughnut model make some investigation of linked lives possible. Such analysis can be very valuable when examining scenarios for detailed policy-relevant research questions, as our example will demonstrate.
4.5
The current results are based on 250 runs of the model for three different health scenarios -one with the base probabilities of transitioning into illness; 'good health' with halved probabilities; and 'bad health' with doubled probabilities. In this stylised example, an overarching policy-relevant question is: how many of the individuals who develop a limiting long-term illness at some stage in their lives, will potentially have recourse to the help of their healthy partners or adult children (aged 16 or above). Hence, we are trying to assess in a joint modelling framework, both the demand for care, as well as the supply of care available from two groups of family members: partners and children, under different 'what-if' assumptions on the health transition probabilities. The gap between the demand and the supply indicates the extent of the care provision which would have to come from other sources -the state or other providers, either in the private or charitable sectors.
4.6
We note that our stylised example here is only concerned with the impact of these possible health scenarios on care availability. We do not seek to draw any causal link between partnership formation and health outcomes -to do so would require a vastly more detailed model of transitions into long-term limiting illness and of the processes which influence these transitions (see e.g. Verbrugge and Jette 1994).
4.7 Figure 4 presents selected average outcomes of a simple analysis of the three health scenarios for the simulation year 2011. The resultant share of ill agents was found ranging from 9% ('good health' scenario), through 16% (base scenario), to 26% ('bad health'). Notably, in the 'bad health' scenario the burden of care placed on the adult children was disproportionately higher than in two other cases, where the proportions of ill agents with an available healthy partner were much higher.
4.8
In addition to the above results, Fig. 5 shows the cumulative fraction of ill agents, by the distance to their nearest available healthy family member (partner or adult child). The figure cuts off at 50 grid units of distance, given that the maximum distance possible on a 72-by-72 torus is 36 x sqrt(2) = 50.91 grid units. One important observation here is that the differences between the three scenarios are much less pronounced when all available potential 'carers' at all distances are considered, rather than just the partners who live together with the ill agents at distance = 0. One possible interpretation can highlight the trade-offs between care
provided by partners and children: in healthier populations, ill people are more likely to have healthy partners and do not have to resort to the help of their children. In this way, the 'care potential' of children is underutilised. On the other hand, a higher fraction of ill people implies a need for the 'all hands on deck' care provision. 
4.9
An interesting resultant policy problem becomes then, for example, whether and how to help balance the care provision between different generations in low-morbidity societies. This is exactly the type of policy-relevant question that can be explored by decision-makers who can interactively simulate the impacts of the various policy levers available to them. In that respect, it needs to be stressed that in line with the overall aim of this paper, the results of the above modelling exercise are mainly a proof-ofconcept illustration of the scenario generation capabilities of the proposed methods, rather than providing any prescriptive policy recommendations. In particular, the scenarios presented in the above illustration are very simplistic, and leave out many aspects of the real processes and phenomena, for the sake of transparency of the presentation.
4.10 In future, more realistic extensions of the model, additional factors may include such aspects as the possibility of the agents' recovery, dissolution of partnerships, multiple states of health (and thus gradation of care needs), differential mortality by health status, willingness of agents to provide care, availability of closely-linked non-family members, etc. Nevertheless, even in such a simplified model as presented in this paper, we have managed to isolate the effects of family links and spatial distance on the interplay between care demand and supply, which differ between the health scenarios studied. Creating coherent micro-macro level scenarios was possible thanks to supplementing a traditional, data-based multi-state model of population dynamics with simple rules governing partnership formation and spatial mobility. Health transition probability: A probabilistic sensitivity analysis 4.11 Analysing the impact of particular parameters in complex models is by no means an easy task. In particular, direct statistical analysis may not be possible due to various feedback effects present in the model. Nevertheless we wanted to illustrate the usefulness of exploring the parameter space of an ABM. Hence, in this paper we follow the ideas of the MUCM project (Managing Uncertainty in Complex Models, http://www.mucm.ac.uk), and build a statistical emulator of the model for a chosen model output and a selection of inputs. We propose that this approach further enhances this modelling framework by allowing for a more indepth examination of model uncertainty and the impact of key model parameters.
4.12 In general, an emulator is effectively a statistical model (or a statistical approximation) of the base model, the latter also referred to as a simulator (O'Hagan 2006 (O'Hagan : 1290 (O'Hagan -1291 . One choice of models for emulators are Gaussian processes, briefly summarised below, which are analysed within the Bayesian statistical framework in order to account for various sources of uncertainty in a coherent way. Amongst the main uses of emulators for complex models are uncertainty analysis -evaluation of how much uncertainty of the output is induced by a given set of inputs, as well as sensitivity analysis -analysis of relative importance of various inputs in explaining the variability of the given output (O'Hagan 2006).
4.13 Briefly, let the base model be denoted by a function f, which transforms a vector of n inputs of interest, x ∈ X ⊂ ℜ n , into a scalar output, y ∈ Y ⊂ ℜ, so that y = f (x). The Gaussian process emulator is then defined through a multivariate Normal distribution of a vector f of any p realisations of f (x i ), where i = 1, …, p (idem):
4.14 The elements of the mean vector m (⋅), m (x i ) = h(x i ) T θ, are linear functions of x i with regression coefficients θ, c(⋅,⋅) is a correlation matrix with elements c ij (x i , x j ) = exp{-(x i -x j ) T R (x i -x j )}, and R = diag(r 1 , …, r n ) is a diagonal matrix of roughness parameters r k (Kennedy 2004: 2; see also Kennedy and O'Hagan 2001: 432-433) . To complete the statistical specification of (2), the prior distributions for the parameters are assumed to be hardly informative, with p(θ,σ 2 ) ∝ σ -2 . The roughness parameters r k are here a priori assumed to follow independent exponential distributions with the parameter 0.01 (Kennedy 2004: 2) . The parameters of the emulator are subsequently estimated by conditioning (2) on a set of simulation data Δ = {δ 1 , …, δ N } ⊂ X or, more precisely, on the related output data vector D = [f (δ 1 ), …, f (δ N )] T ∈ ℜ N (Kennedy 2004). Kennedy (2004) , there may be some variability in the model code itself, and thus runs may yield non-deterministic outcomes. To allow for such instances, an additional variance term (called a nugget) can be included in calculating the posterior distribution of the emulator function f given the simulation data D, which posterior distribution itself has a marginal multivariate Student's t density (Kennedy 2004: 3) . A more detailed statistical theory underlying the estimation of Gaussian process emulators is provided by Kennedy and O'Hagan (2001) , O'Hagan (2002), and Kennedy (2004) .
As noted by
4.16 More in-depth statistical treatment of the sensitivity analysis, in turn, has been offered by Oakley and O'Hagan (2004) . In short, their approach, which is also followed in this paper, assumes that the variance of the output variable y can be decomposed into a constant (mean) term, a series of n main effects related to particular inputs x 1 , …, x n , a series of ((n -1)n)/2 two-term interaction effects for all pairs of inputs (x i , x j ) such that i < j, and so on, up to a single n -term interaction effect for ( x 1 , …, x n ). These mean effects are denoted by , and the respective interaction terms by , , (idem: 752-753) . Assuming mutual independence of the elements of X, the variance of y can be then decomposed into terms corresponding to the main effects and various interaction effects (idem: 754):
4.17 The probabilistic sensitivity analysis therefore aims to identify, how much of the total variance in the output y can be attributed to particular inputs x i , as well as to their various interactions.
4.18 In our illustration, the analysis focuses on four model inputs. One of them, the parameter a, regulates the exponential function governing the health transition probability (1). Here, this function is parametrised as p(x) = c + a exp(x/k), constrained to p(x) ≤ 1, where k is a constant age scaling factor, and a is the main component of the transition probability. The baseline constant c has not been specifically considered here, since it anyway becomes very heavily dominated by the exponential component of (1). Similarly, we do not vary the sex-specific age scaling constants k, because preliminary analysis have indicated it had very little bearing on our outcome, and holding it constant allowed us to learn more about the other parameters. In the model, differential values of a for both sexes are implemented as (a +0.00001) and (a -0.00001), respectively for males and females.
4.19 The second and third parameters, α and β, are related to the social pressure function s(r) defined by Billari et al. (2007: 66) as:
where r is the proportion of agents with partners in a particular agent's group of relevant others. Finally, the fourth parameter denotes spatial distance of partner search, d. In our example, the general formula applied for a Cartesian distance between two points, (x 1 ,y 1 ) and (x 2 ,y 2 ), on the torus (Doughnut) is as follows: 4.21 The output variable, y, was set to be a logit of the share u of ill agents without a healthy partner or adult children. The logit transformation y = ln(u) / (1-ln(u)) was applied to ensure that the values of u = expit(y) remain bounded by 0 and 1. For the analysis, the outputs were standardised to a form with zero mean and unitary variance. We have assumed a priori that all inputs are normally distributed, and that the mean of the Gaussian process (2) is a linear function of its inputs. In order to account for uncertainty resulting from non-deterministic character of the model, we have also allowed an additional error term (nugget) for the code uncertainty.
4.22 The analysis was executed in a specialised software GEM-SA (Gaussian Emulation Machine for Sensitivity Analysis) version 1.1, written by Marc Kennedy and Anthony O'Hagan (Kennedy, 2004; O'Hagan 2006 , and available from http://ctcd.group.shef.ac.uk/gem.html, as of 30 April 2013) A single run of the algorithm took a few minutes in a similar hardware setting to the one discussed in the previous section.
4.23
The uncertainty analysis resulted in a computed emulator mean of y = 0.2167, corresponding to on average u = 55.4% ill agents with no healthy partner or children, with the emulator-related variance calculated as 0.00035. The total output variance in y induced by input uncertainties was very high, being estimated as 1.525. This indicates very high variability of the output variable y across the analysed fragment of the parameter space. The roughness matrix R has been computed as R = diag(12.140, 9.223, 2.469, 0.000) . The sensitivity analysis indicates that, out of the four inputs considered, the two components of the social pressure function α and β account for 29.8% and 48.6% of the variability, respectively. Relationship between these two parameters and the emulated mean for y is shown in Fig. 6 for α ∈ [0, 1.75] and β ∈ [exp(-1), exp (5)]. In this case, the spatial distance parameter d and the main component of the transition probability a do not have much impact on the share of ill agents without a healthy partner or adult children. [7, 14, 21, 28, 35, 42, 49] T . The output variable, v, was set to be a logit of the share of ever-partnered agents, q. As before, the outputs were standardised, and we have assumed the same types of a priori distributions as in the case of ill agents without potential carers. The outcomes are shown in Fig. 7 providing a clear link, and indicating important trade-offs between the availability of care to ill agents and the general propensity of entering into partnerships in the artificial population studied.
4.25 This time, the uncertainty analysis resulted in a computed emulator mean of v = 0.2102, corresponding to on average q = 55.2% agents over 16 who have ever had a partner, compared to the empirical value of 74.2% calculated from the 2011 census. Again, this substantial difference is not surprising given that we are looking at mean across the parameter space; as we shall see many areas of the space are unrealistic. The emulator-related variance has been estimated as 0.0006, and the total output variance in v again being very high, amounting to 2.3411. Once more, the two components of the social pressure function, α and β, were found most important, accounting for 30.2% and 45.6% of the variability respectively, with their interaction accounting for 17.17% of the remaining variance. The spatial distance parameter contributes here only to 1.26% of the total variability of the output variable v. Figures 6 and 7 illustrate the links between the partnership formation and health care availability in the model, and also enable to position and interpret the parameters used for generation of scenarios reported in the previous section. These scenarios assumed α = 1.3 and β = 2, hence, ln(β) = 0.70. In Fig. 6 this setting corresponds to about 25-30% of ill agents without healthy partners or children, which is consistent with the results reported in Fig. 5 , exact to the emulator fit. The same parameter setting is also related to reasonable rates of ever-partnered agents -over 70%, as indicated in Fig. 7 , which is directly comparable with the empirical rate of 74.2%, reported by the Office for National Statistics for mid-2011. Figures 6 and 7 indicate clear relationships between the two outputs: high levels of partnership formation correspond to low proportions of ill agents without kin available for providing care, and vice versa. Hence, the default scenarios reported above match the selected empirical outcome variable closely, even though the underlying hazard functions, illustrated in Figure 3 , do not match exactly rates for the 1958 birth cohorts.
4.27 In a similar spirit, the statistical emulators discussed in this section allow for a thorough exploration of the model parameter space in the context of various policy goals (e.g. minimising the share of agents without access to informal care) and constraints (e.g. realistic partnership and childbearing patterns). A natural extension of this approach would thus consist of a full, stakeholderdriven decision analysis which, despite being outside of the scope of the current paper, remains high on the agenda of the Care Life Cycle project as a whole.
Conclusion

5.1
The model presented in this paper represents a substantive step toward the integration of statistical demographic methods with agent-based modelling. The use of empirical data and Lee-Carter projections for mortality and fertility has enabled us to produce a more detailed and data-driven agent-based model, while avoiding the problem of data-overdependence that often presents a challenge for demographers. The addition of statistical emulators for sensitivity analysis has allowed us to produce an in-depth examination of possible output scenarios, which has illuminated the effects of key model parameters. We contend that this combination of elements moves us closer to a scenario-based computational demography, which provides a platform for exploratory study of policy-relevant problems.
5.2
This example model and the analyses presented above demonstrate several features of combined agent-based and statistical modelling, which may be potentially appealing to both demographers and to the social simulation community. Firstly, such models enable studying the linked lives of individuals at various levels, in a similar way as do more traditional micro-simulation models, but also including explicit statements about the behavioural assumptions being applied to those individuals, as suggested by Murphy (2003) . Secondly, the analysis can be easily embedded in social or physical spaces, which is one of the important contributions of social simulation. Thirdly, the mixed approach allows for overcoming some data-related limitations, augmenting the available statistical information with assumptions on behavioural rules. Fourthly, statistical emulators enable exploration of the parameter space of the underlying agent-based models. These features allow for a greater extensibility of the agent-based model, though at a price of departing from the entirely data-driven paradigm.
5.3
In methodological terms, the findings suggest that demography as a discipline has scope for including more elements of 'modelbased science' as a potential tool for conceptual theory building (Burch 2003a ; Godfrey-Smith 2006), whilst still remaining empirically-relevant. This would facilitate further incremental progression of demography as a domain of scientific inquiry, through building theory-generating demographic models. Such an eclectic approach would also help overcome one of the main limitations of the current practice -over-reliance on purely statistical information at the expense of theories and mechanisms, and generating very large and increasing requirements for data to feed into large-scale models (Silverman et al. 2011) . On the other hand, for the practical applications in the area of social simulation, the potential benefits consist of as much alignment with empirical evidence as practicable.
5.4
Of course, the presented model, itself being an extension of Billari et al. (2007) , is far from being comprehensive, as indicated by trade-offs between different values of various outputs that can be seen as reasonable. As such, the model is still well-positioned for a number of possible extensions. As mentioned before, the included model of health status is illustrative and demonstrates patterns we expect to see in real populations, but the model itself is highly simplistic and thus cannot reflect the true complexity of relationships between ageing and health. One possible extension of this aspect would be to incorporate empirical data on longterm limiting illness in the UK. In addition, the model of partnership formation here does not produce ideal hazard rates, and does not allow for same-sex partnerships or the dissolution of partnerships. Finally, while agents have the ability to shift position on the Doughnut, they only do so when a partnership is formed; incorporating more sophisticated agent behaviours would allow us to investigate the effects of within-country migration and similar phenomena. Still, following the ideas of Franck (2002) and Burch (2003a) , we believe that models do not need to provide a perfect representation of reality to be useful, as long as they capture the main functions of the systems under study. In our case, we have illustrated some of the mechanisms through which the partnership formation process can translate into provision of informal care, and have identified the most important features (parameters) of this process.
5.5
On the other hand, the current model already provides an example of the power and utility of a combined demography-social simulation approach. We propose that incorporating demographic data and methods into an agent-based framework can produce models which have a stronger link to empirical data and thus to real human society -which is a useful step forward for social simulation. At the same time, such methods can produce useful demographic knowledge without relying on enormous, expensive data-sets -which is a boon for demographers. This combined approach -when coupled with rigorous sensitivity analysis, as provided here by statistical emulation techniques -gives us a robust starting point for agent-based demography.
5.6
The most significant future methodological challenge remains model validation. Given the complexity of the underlying model and the involved non-linearities, this task is non-trivial and extends far beyond the scope of this paper. The use of statistical emulators for exploring the properties of complex computational models is a first step in that direction. Nevertheless, if successful, such an approach would help bring the statistical and simulated individuals (Courgeau 2012 ) not only closer to each other, but closer also to the actual members of the population under study.
